A combined approach for perceptible quality profiling of apples based on sensory and instrumental 16 techniques was developed. This work studied the correlation between sensory and instrumental 17 data, and defined proper models for predicting sensory properties through instrumental 18 measurements. Descriptive sensory analysis performed by a trained panel was carried out during 19 two consecutive years, on a total of 27 apple cultivars assessed after two months postharvest 20 storage. The 11 attributes included in the sensory vocabulary discriminated among the different 21 apple cultivars by describing their sensory properties. Simultaneous instrumental profiling including 22 colorimeter, texture analyser (measuring mechanical and acoustic parameters) and basic chemical 23 measurements, provided a description of the cultivars consistent with the sensory profiles. 24
L*a*b components from CIELAB colour space model (see Schanda, 2007) were measured on four 176 samples of flesh cut from each fruit using a CR-400 colorimeter, supported by the CM-S100w 177
SpectraMagic™ colour data software (Konica Minolta Sensing, Inc., Japan). 178 179
Texture analysis 180
Texture properties were measured on flesh cylinders (ten cylinders sampled from ten different fruit 181 per each cultivar; each cylinder was considered a replicate of that cultivar) by a TA-XT texture 182
analyser equipped with an acoustic envelop detector device (Stable MicroSystem Ltd., Godalming, 183 UK). A 4 mm probe was used to compress the samples. Twelve mechanical and four acoustic 184 parameters were calculated on the recorded curves, following the method described by Costa et al. 185 (2011 ; Table 5; supplementary data Table S1 ). 186 187
Juice extraction and dry matter concentration 188
Extractable juice was measured in duplicate by weighing the liquid expressed from mechanical 189 compression of eight flesh cylinders per cultivar (each cylinder coming from a different fruit). Dry 190 matter concentration was measured by drying a sample of eight flesh cylinders per cultivar at 105°C 191 until they reached stable weight. Both were expressed as percentage of fresh weight (Supplementary 192 data Table S1 ). 193
Basic chemical measurements 195
The concentration of soluble solids (%SSC) and titratable acidity was measured on the juice 196 expressed from mechanical compression of 12 cylinders sampled each from different fruit. The 197 measures were performed in two replicates with a DBR35 refractometer (XS Instruments, 198 Poncarale, Brescia, Italy) and with a Compact Titrator (Crison Instruments S.A., Alella, Barcelona, 199 Spain), respectively (Supplementary data Table S1 ). NaOH 0.1N was used to titrate 5g of juice to 200 pH 8. 16 . The results were calculated as malic acid equivalents in 100g juice. Statistical analysis of triangle data was based on binomial distribution with a guessing probability p 208 = 1*3 -1 . 209
For the following analysis the scores for each attributes were averaged over panel. The sensory and 210 instrumental profiles of the complete data-set including both years (except for specific analyses 211 applied on 2011 data only, as indicated below) were evaluated using univariate and multivariate 212
approaches. 213
Firs of all, sensory data were explored by Principal Component Analysis (PCA), performed on a 214 data correlation matrix. Data were mean centered and scaled to unit variance. Pearson's correlations 215 among both sensory attributes and instrumental parameters (n corresponding to the number of 216 samples available for each variable) were performed for exploring variable bi-variate linear 217 relations. Differences among apple samples in terms of instrumental parameters were estimated by 218 means of one-way ANOVA model (with the exception of dry matter concentration, where no 219 replicates were available), considering product as fixed factor (p-value lower than 0.05 indicated 220 significant differences; no Post-Hoc tests were used). Partial Least Square Analysis 2 (PLS-2) was 221 used to explore the relationship among all sensory and instrumental variables. It is an estimated 222 regression model maximising the covariance between two data matrices: Y (matrix of dependent 223 variables) to X (matrix of independent variables). In order to study the relationship between a single 224 sensory attribute and instrumental parameters, the method of partial Least Square Analysis 1 (PLS-225 1) was used instead. It is a regression model where one single y-dependent variable is related to two 226 or more x independent variables. The model is estimated maximising the covariance between the X 227 matrix and the single y-column. Thus, PLS-2 and PLS-1 were both applied, as they have different 228 targets and provided results which can be used in different ways. Prior to PLS analysis, data were 229 mean centered and scaled to unit variance. Then, in order to meet PLS normality condition, Box-230
Cox transformation was applied to instrumental data when necessary (Box and Cox, 1964 
Method validation 244
As for the triangle test performed to evaluate the antioxidant solution effect on apples, no 246 significant differences were found in terms of sensory perception in any of the 3 comparisons 247 (Table 2) . Moreover, chemical measurements on the same samples confirmed the results from 248 sensory tests, showing no differences in terms of titratable acidity nor soluble solid concentration 249 for any cultivar (Table 3) . 250
As for the panel performance evaluation, in both seasons, the ANOVA showed a significant judge 251 effect for every attribute, as expected for sensory data, since each judge contributed differently in 252 describing sample variability. Judge x product interaction was also significant for every attribute in 253 both years. Although the judges provided different contributions, their evaluations were consistent 254 enough to allow discrimination between cultivars. Indeed, the product effect was significant in both 255 years, demonstrating that the method was discriminant even when used by different sensory panels. 256
The replicate effect was significant only for "graininess" in 2010 and for "flouriness" and 257 "astringency" in 2011. Judge x replicate interaction was significant for "yellow flesh", 258 "fibrousness", "graininess" (p < 0.01), and for "astringency" (p < 0.001) in 2011 only. Product x 259 replicate interaction was significant for "crunchiness", "fibrousness" and "graininess" in 2010, and 260 for "sour taste" and "crunchiness" (p < 0.01) in 2011. A careful analysis showed that a few judges 261 had problems in their reproducibility on specific attributes (different judges for different attributes). 262
Thus, such punctual problems were not considered sufficient to exclude their data from the data-set, 263 as they did not affect the overall sensory data reliability. Indeed, replicate effect was found to be not 264 significant for any attribute when average panel data were considered. 265 Therefore, the attribute average scores were used for the following analyses. 266 267
Apple profiling 268 269
The first two principal components from PCA on sensory data explained 78% of total variance in 270 the dataset. In Fig. 1a , the first principal component is led by texture attributes, while the second isrelated to external appearance and flavour properties. Score distribution in Fig. 1b shows that the 272 same cultivars analysed in both years were described in a consistent manner by the trained panel. 273
Floury and acid cultivars were located in the lower-right quadrant ('Renetta', 'Gloster'), while 274 grainy and sweet cultivars were in the upper-right quadrant ('Golden Delicious', 'Gala', 275 'Morgenduft', 'Rubens'). Hard, crunchy, and sour apples were in the lower-left quadrant ('Granny 276 Smith', 'Goldrush') and crunchy and sweet cultivars were instead in the upper-left quadrant of the 277
Pearson's correlation coefficients showed that "crunchiness", "hardness", and "fibrousness" were 279 negatively correlated with "graininess" and "flouriness" (r < -0.86; p < 0.001). No correlation 280 between "sweet taste" and "flouriness" or "graininesss" was found. "Sweet taste" was slightly 281 correlated with "juiciness", for r = 0.43, p = 0.01. A negative correlation, even if not high, between 282 "sour taste" and "juiciness" was found (r = 0.47; p = 0.01). "Sour taste" was, instead, linearly 283 correlated with "astringency", for r = 0.81, p < 0.001. 284
Mean values and standard deviation for instrumental evaluation are reported in supplementary data 285 Table S1 . One-way ANOVA on instrumental data showed significant differences between the 286 cultivars. P-values were lower than 0.001 for all performed instrumental measurements, and for the 287 taste properties characterised the second one. Texture sensory attributes appeared to be related to 302 mechanical and acoustic texture parameters. "Juiciness", instead, was less correlated to the texture 303 analyser data, but strongly related to the % of extractable juice, and "sour taste" was highly related 304 to the titratable acidity. "Sweet taste", instead, could not be linked to %SSC. "Yellow flesh" 305 intensity was positively related to the b* measurement. Interestingly, the "sweet taste" attribute also 306 appeared to be related to the colorimeter data ( Fig. 2) . 307
Finally, such observations were considered as the starting point for the development of predictive 308 models for each sensory attribute. 309 310
Predictive models 311 312
The sensory and instrumental dataset was subjected to PLS-1 analyses, in order to estimate the best 313 prediction model for each sensory attribute. In table 7, PLS-1 models and relative Q 2 for each 314 sensory attribute using different series of instrumental data are reported. For the prediction of taste 315 sensory attributes, Box-Cox transformation of the instrumental data was necessary to meet the 316 normal distribution requirement of PLS method. 317
For each sensory attribute, a model using instrumental parameters corresponding to its specific 318 sensory description was first developed. However, a combination of different instrumental 319 variables, indirectly related to sensory attributes, was used to achieve better models. Thus in table 7,  320 only the best prediction model for each attribute is reported. The models using chemical and 321 colorimeter data ("Colour + Chemical") were developed based on the 2011 dataset only, because 322 colorimeter measurements were included in the instrumental protocol only in the second 323 experimental year. 324 325
Appearance attributes 326
After the addition of colorimetric measurements to the instrumental analyses in 2011, an effective 327 prediction of flesh colour (green and yellow) was found with better results for "yellow flesh" than 328 "green flesh". Interestingly, in both cases the best models were obtained using chemical parameters 329 (i.e., %SSC and titratable acidity) rather than colorimetric data alone (Table 7) . 330 331
Texture attributes 332
The different instrumental parameters defined to assess fruit texture were adequate to efficiently 333 predict all the texture sensory attributes (with Q 2 ≥ 0.77), with the exception of "juiciness" (Q 2 = 334 0.81, Table 7 ). The mechanical parameters from the texture analyser appeared to have different 335 contributions for the prediction of different sensory texture attributes. In general, each parameter 336 contributed significantly to at least one predictive model. The best model for the "juiciness" 337 attribute was instead achieved by using the whole instrumental dataset. Significant variables in the 338 prediction model were texture analyser data, % of extractable juice, L* parameter from colorimeter 339 analyses, and titratable acidity. 340 341
Flavour attributes 342
As already observed in the PLS-2 plot discussed in paragraph 3.3, "sweet taste" attribute was 343 related to colorimetric data. Actually, the best predictions for taste attributes were obtained using a 344 model based on chemical and colorimetric parameters, available for only the 2011 data-set, giving a 345 Q 2 value of 0.82 and 0.89 for "sweet taste" and "sour taste", respectively (Table 7) . The relationship between juiciness-mealiness and sweetness has been thoroughly investigated in the 360 literature, starting from the hypothesis that sweetness perception is influenced by texture properties 361 (thus, it could depend directly on juiciness or mealiness intensity). Thus, the relation between 362 "sweet taste" and texture attributes was studied. However, in our data no correlation between 363 "sweet taste" and "flouriness" or "graininesss" and only a slightly link with "juiciness" were found. properties and acoustic response in apple (Vincent, 1998) . Moreover, the correlation between 385 acoustic parameters and % of extractable juice can be explained by considering that the typical 386 "crispy" sound is due to a high internal turgor pressure and to the integrity of the cell wall structure. proposed texture analysis is an effective method to collect information about mechanical and 399 acoustic properties expressed by apple tissues during consumption; efficient models were developedto predict sensory perception of apple texture properties on the basis of texture analyser data (Table  401 7). Moreover, our datasets include acoustic information not considered in many of the previous 402 studies. Zdunek similar results, by the use of an electromyography of masticatory muscles on subjects evaluating 416 texture attributes of apples. In their work, the main source of variability was attributed to the 417 subjects. Moreover, the authors found another source of variability of psychological origin in which 418 subjects tended to chew differently when asked to score specific sensory attributes (Ioannides et al., 419
2009). 420
The advantage of our texture method, compared to the other studies discussed here, is the 421 possibility to process samples from the same single apple, with equal shape and size, available for 422 both sensory and instrumental measurements. The flesh cylinders cut from the same fruit were used 423 for sensory and instrumental measurements, in order to truly compare these two data types. 424
Moreover, the texture measurements guarantee the standardisation of the compression method, dueto a specified probe speed and percentage of strain during the test. With these settings, the different 426 acoustic responses can only refer to the actual differences between the samples. 427
The acoustic parameters generated by the texture analyser turned out to be significant variables used 428 in the PLS-1 model for the prediction of "crunchiness", but also for the other texture sensory 429
attributes. This could suggest that the sensory perception of "hardness", "flouriness", "fibrousness", 430 "graininess", and "juiciness" of apples is not only related to tactile and mechanical properties of 431 apple flesh, but can also be influenced by acoustic information (Demattè et al., 2013) . The reason 432 for the apparent relation observed in the PLS-1 models could be referred to the correlation between 433 mechanical and acoustic properties. The sound emission, related to the expansion of the cell liquid 434 content, is possible only if strong linkages in the middle lamella exist, so that the cell walls break 435 rather than slipper against each other (Longhi et al., 2013) . This means that sound emission is only 436 possible when the fruit flesh is characterised by specific mechanical properties, which are therefore 437 important for acoustic perception during biting and chewing (Vincent, 1998; Duizer, 2001 ). This 438 relation was also observed for the "crunchiness" prediction, in which the model based on 16 439 mechanical and acoustic parameters performed better than the prediction model based only on four 440 acoustic variables, increasing from Q 2 = 0.69 to 0.85 (Fig. 3) . 441
Among the texture attributes, juiciness was the only one which needed more data than the texture 442 analyser parameters for the development of an effective prediction model. The significance of 443 titratable acidity in the model confirm the correlation observed between "sour taste" and "juiciness" 444 attribute. It seems to be not only a relation between tastants and juiciness perception, since 445 instrumental measurements also confirmed the existence of a relationship. Moreover, the negative 446 trend observed between the sensory and the instrumental parameters indicated that the higher the 447 acid concentrations, the lower the "juiciness" score. To our knowledge, this is the first study where 448 this relation was highlighted. 449
For other sensory attributes, interesting relationships with instrumental parameters were found, as in 450 the case of "yellow flesh": b* parameter increases as the light wavelength passes from blue toyellow (Schanda, 2007) , thus a direct relationship between the two was expected. Instead, 452 unexpected relations were of fundamental importance for the definition of the best prediction 453 models, such as the relationship between "sweet taste" and colorimeter data. In the case of flesh 454 colour, a combination of colorimetric and chemical data seems to provide better information for 455 effective prediction (Table 7) predictive models were estimated for: a) flesh appearance sensory properties, using colorimeter 497 measurements; b) texture attributes, by means of the innovative texture analyser protocol; c) and 498 taste properties, through a combination of chemical and colorimeter data. The study was carried out 499 over two consecutive years with good results and comparable sensory descriptions of the same 500 cultivars analysed during both years, confirming that the method was correctly implemented. 501
The proposed combined sensory-instrumental tool can be used as a valid method to outline/describe 502 sensory properties of apple. It can be advisable when sensory analysis is not feasible because of thelimits in using humans, or because of scarcity of fruit material -for instance, in the case of large 504 sample sets needed by genomic investigations. In latter case, in particular, sensory analysis might 505 allow to define proper prediction models, which can be further applied on large apple samples to 506 estimate their sensory profile by a rapid instrumental analysis. 507
Further research will look at simplifying procedures and better selecting the most important 508 instrumental variables, making the method easier to apply in practice. Apple cultivars analysed during 2010 and 2011 seasons. "Code" refers to the codes 645 used in Figs. 1, 2, and 3; "0" and "1" following the codes refer to 2010 and 2011, respectively. 646
Where present, the letters "a", "b", "c", and "d" refer to the different orchards for cultivars having 647 more than one origin, as specified in column "Location". Table 7 :
PLS-1 models and relative Q 2 values, estimated for each sensory attribute, using 672 different series of instrumental data for the development of the models. "Nr. components" column 673 refers to the number of components used for achieving the best prediction model. data-set. For apple products coding, see "Code" column in Table 1 . 682 683 Fig. 2: x and y loadings plot from PLS-2 analysis on instrumental and sensory data, to predict 684 apple sensory profiles from instrumental parameters (X-var = 62%; Y-var = 57%). 685
Instrumental parameters are reported in regular font, sensory attributes in italics. For 686 texture analyser parameters coding, see "Code" column in Table 3 . 687 688 Fig. 3 
